Geological risk evaluation reveals the uncertainty of converting an anticipated resource potential in an identifi ed exploration target into an economic petroleum accumulation prior to drilling. Providing consistent and unbiased estimates of geological risk for all exploration targets in an area of interest is essential in risk evaluation. This paper discusses the potential use of an object-based stochastic procedure for geological risk evaluation at the play level. The object-based model of SuperSD, as a data integration tool, can integrate geological information of petroleum system elements that control occurrences of petroleum pools with the spatial correlation characteristics of the discoveries in a play. Other information, such as the estimated total play potential and size characteristics, from conventional resource assessments can be also incorporated into the model as geological constraints. The uncertainty associated with the data and domain knowledge in the predicted pool locations is expressed as a probability map, representing the geological exploration risk of the play. By incorporating all available information and checking the consistency of models with geological constraints, the object-based model improves predictions of petroleum occurrences, thus enhancing the associated risk evaluation. The proposed method was applied to the fractured petroleum play of the western Qaidam Basin in northwestern China in order to illustrate the use of the object-based method for risk evaluation.
Introduction
The goal of geological risk analysis seeks to determine to what degree of certainty a potential drilling target either productive or nonproductive may be, on the basis of our understanding of the domain knowledge and available data. In other words, we wish to know prior to drilling what is the chance of turning a potential target into a commercial discovery. The common practice of geological risk analysis starts with a play analysis, which examines all essential geological elements necessary for oil and gas accumulation in a region (White, 1988; 1993) and subsequently assign probability values to each essential geological element. The probability of exploration success is the product of the probabilities of all the essential geological elements for petroleum accumulation in that prospect (White, 1988; Snow et al, 1997; Otis and Schneidermann, 1997; Rose, 2001) . There are several drawbacks in this type of geological risk evaluation. First, there are substantial subjective judgments involved in the probability assignments. In the assignments, favorable levels are judged by the assessors using geological analogs for all geological elements, and each favorable level corresponds to a range of probability values. The resulting risk estimates depend on the preferences of the assigned assessors. As a consequence of the subjective judgments, risk evaluation result may not be consistent and repeatable. For example, if independent assessments were conducted by different people, the probability values of the risk could vary significantly. In the process of exploration decision, a consistent and repeatable risk evaluation result is more desirable. The current practice may also not be easy to incorporate spatial correlation among the prospects. Petroleum accumulation at a specific location is not an isolated event but one of many accumulations produced by the same geological processes in a petroleum system. A better understanding of spatial variation of the objects and their spatial relationship to the presence of essential geological elements are important for geological risk analysis.
With improvement of computer handling of geographical information and the availability of spatial statistical tools, attempts have been made to evaluate geological risk by taking spatial characteristics of exploration targets into consideration variable:
There are infinite pool combinations because of uncertainties in the number of undiscovered pools. Intuitively, the prediction of undiscovered pools (e.g., location and size) requires an appropriate pool combination that is consistent with all available information; whereas statistically, one seeks to construct a stochastic model that generates undiscovered pools so that the corresponding pool combination is consistent with available observations and interpretations.
To formulate a stochastic model that incorporates these observations and interpretations, the following generalizations are made:
Hypothesis A. The locations of undiscovered petroleum pools are subject to the petroleum-bearing favorability map or probability map of petroleum occurrence, f BL ( . ). This means that the likely locations of undiscovered oil and gas accumulations must meet all the necessary geological conditions. Hypothesis B. Pool properties are subject to a specific statistical model, f BP ( . ). This statistical model can be inferred from either the characteristics of discovered pools/fields or from compiled information from play analogues.
Hypothesis C. Within a petroleum fi eld, pools may show clustering characteristics, while paired pools from different fi elds are assumed to be independent of each other.
Hypothesis D. The property of anisotropy of clustered pool groups can be described by an average azimuth angle and an average anisotropy ratio.
The simulated pool combinations must be consistent with available data. The following constraints are introduced into the model: Constraint A. Predicted geological properties at simulated pool locations should be consistent with mapped geological characteristics at those locations. Constraint B. A simulated pool must be outside the exclusion domain that is determined by dry wells and discovered pools.
Constraint C. Pool spacing has some basic constraints, such as the minimum and maximum distances between two pools.
Constraint D. All the simulated pools are located in the most favorable regions of the play not yet occupied by discovered pools.
Constraint E. All the pool sizes are assumed to follow a specifi c probability distribution within a play.
In the stochastic simulation model, the pool spatial distribution is described by the following probability density function :
(2) where in recent years. Chen et al (2000; and Hood et al (2000) have proposed various techniques for characterizing spatial variability of geological conditions and estimating probability of petroleum accumulation at play level. For example, treating risk estimation as two group classifications in a multivariate space, Chen and Osadetz (2006a) were able to use multivariate and Bayesian approach for geological risk mapping. While the uncertainty associated with the classification represents the geological risk of a prospect being "dry", the "diagnostic criteria" that can be used to distinguish between these two groups are indicators of geological processes and geological variables characterizing conditions necessary for formation of petroleum accumulations. The resulting probability map of petroleum occurrence depicts the spatial variation of geological conditions for petroleum accumulation. This provides a consistent basis for risk analysis and target ranking, as well as exploration planning. With the application of a model-based stochastic simulation in petroleum resource assessment, geological risk evaluation can also be conducted by estimating the uncertainty in prediction of the occurrence of undiscovered petroleum accumulations (Chen and Osadetz, 2006b ). Both methods are successfully applied to Nanpu Sag of Bohai Bay Basin, China (Hu et al, 2007; Chen et al, 2008) . Gao et al (2000) proposed an object-based stochastic simulation for estimating the petroleum potential in a play, providing not only a tool for predicting the geographical locations of undiscovered petroleum accumulations, but most importantly providing a tool for data integration. A particular use of this type of tool is geological risk evaluation. In this paper, we present a systematic procedure for geological risk analysis using the object-based model at petroleum play level. The fractured petroleum play in western Qaidam Basin of China was used as an application example to illustrate the principles of the method and procedure of evaluating geological risk. The data in this study are compiled by PetroChina for its national petroleum resource assessment in 2001. The data also include assessment results of conventional petroleum resources in the play. Gao et al (2000) proposed an object-based stochastic model that simulates the likely locations of undiscovered petroleum accumulations by simultaneously considering essential petroleum system elements that control the formation of petroleum occurrences and the spatial correlation among petroleum accumulations in a study area. In the object-based model, pool accumulation objects are described by their central locations, volumetric properties and other geological characteristics. All the properties associated with the object are parameterized as a vector (a marked-point) that describes the pool characteristics.
Methodology descriptions
Two types of pools are considered in an exploration play: discovered and undiscovered, forming a pool combination. Suppose that there are N pools in a play, among which n pools are discovered. Let u i be a marked-point associated with the i th pool (i =1, 2, …, N). Accordingly, all N pools, or the pool combination, in the play can be parameterized with a matrix in which 1 , 2 , b 1 , b 2 , b 3 , b 4 , b 5 and b 6 are parameters associated with the characteristics of inter-object dependencies, and |u 1i -u 1j | is the Euclidean distance between the centers of pools u i and u j . 1 and 2 are attractive and repulsive parameters with values between 0 and 1. Parameters a i (i=1, …, 6) can be determined simply based on the values of 1 , 2 , b 1 , b 2 , b 3 , b 4 , b 5 and b 6 according to the continuity of function f IP ( . ) (Eq. (3)). In Eq.
(2), function f B (u) represents the individual pool distribution characteristics; whereas f I (u) represents the pairwise inter-relationships between two pools, in which f I (u) depends only on the distances between all pool pairs. Each individual pool is assumed to follow the same distribution function f BL ( . )f BP ( . ). In the distribution function, f BL ( . ) depends only on the location components u 1i of pool u i , and function f BP ( . ) depends only on the pool property components u 2i that is assumed to follow a multivariate lognormal distribution in this study. The lognormal model of pool property components has been used widely in petroleum resource assessment (Arps and Robert, 1958; Kaufman et al, 1975; Lee and Wang, 1985; Baker et al, 1984; Davis and Chang, 1989) . A petroleumbearing favorability map is used to represent the distribution function f BL ( . ) which indicates the sampling probability of an individual pool location in the simulation. The functions I g (u|c) , I e (u|c) and I m (u|c) are indicators, corresponding to constraints A, B and C, respectively. Hypotheses A and B are described by function f B (u). Function f I (u) corresponds to hypotheses C and D.
When performing the simulation, the independence chain of the Hastings algorithm (Gao and Galli, 1998; Gao et al, 2000) is used to generate an appropriate structure for pool combinations in a play. An objective function, that measures the distance between characteristics of realization and desired constraints, is constructed from both the pool size distribution and an entropy maximum criterion. By maximizing the entropy, all simulated undiscovered pools are placed in their most favorable locations. An advantage of the independence chain algorithm is that all the accepted pool combination numerical models are mutually and totally independent. The independence criterion ensures the reasonableness of using these pool combination models as a sample to infer the spatial distribution of undiscovered petroleum resources.
Hundreds and thousands of pool combination numerical models may be generated in a single simulation run, each of which represents an equally-probable pool combination honoring the same assumed statistical features, the same set of constraints and observations, but each of which appears Pet.Sci.(2008)5:195-202 different from the other pool combinations. There are great uncertainties associated with predicted locations. Therefore, a relative probability map is produced from the numerous combinations generated by a simulation run to characterize the possible locations and associated uncertainties of the prediction. The relative probability map is calculated by counting the number of simulated petroleum occurrences at each cell of a grid divided by the maximum occurrence number among the cells.
Input parameters for the object-based simulation include the size and locations of the discovered oil and gas pools, dry well locations, estimated play resource potential, and a probability density function characterizing the spatial distribution of the undiscovered pools in the study area. For the mathematical details of the model and the proposed algorithms, the reader is referred to Gao et al (2000) . A C++ program has been developed by the Geological Survey of Canada (GSC) for the purpose of predicting undiscovered pool locations (Osadetz et al, 2003) . Chen et al (2004) presented an application example of the object-based model to petroleum resource assessment of the western Sverdrup Basin of the Canadian Arctic region.
Application to Tertiary fractured play of western Qaidam Basin

Geological setting and data
The Qaidam Basin (Fig. 2) , in the northeastern portion of the Qinghai Tibetan Plateau between the Kunlun and Qilian Mountains, is a composite basin with sedimentary infill of over 14km, aging from Jurassic to Tertiary. The Jurassic strata of the foreland basin are overlain by Cenozoic stratigraphic successions deposited in lacustrine and fl uvial settings of an extensional basin. The Cenozoic extension started with rifting during the latest Cretaceous. The extension setting continued to the Oligocene, and was followed by a tectonic inversion, evidenced by contraction down-warping and reverse faulting (Fig. 3) . Previous exploration has been focused on two play types, clastic structural play and fractured play in the Tertiary in the western Qaidam Basin. Up to year 2002, 22 fi elds and 34 oil and gas pools have been found, contributing a large part of production from this basin (Fig. 3) . The object-based method has been applied to the two plays. However, this paper focuses on application to the fractured play.
The reservoirs of this play are fractured limestone, shaly (2008)5:195-202 limestone and shaly sandstone. Vuggy porosity is common in the reservoir. Fractures are believed to be the results of tectonic inversion in the Late Tertiary, and vugs are likely the results of dissolution related to groundwater flow. The presence of the fracture network provides space for oil and gas accumulation and the pathway for fluid flow, thus improving the reservoir by forming secondary porosity (Zhao et al 2004) . Primary oil source rocks were a thick sequence of Paleocene-Oligocene deposits in the major rifted depression, and the restricted drainage graben of the rifted protobasin. Recent studies (Hanson et al, 2001; Jin et al, 2002) indicate that the lower Tertiary source rocks with total organic carbon levels (TOCs) >1.0% were deposited in hypersaline conditions in the Mangya Depression and entered oil windows in the western Qaidam Basin. All the discoveries in the fractured play are associated with structures, such as anticlines, faulted anticlines, or fault blocks. Fig. 4 is a tectonic intensity index map generated by using fault density and fold intensity based on a structural map (Fig. 3) at the top of the reservoir level from exploration data, illustrating the relationship between petroleum discoveries and tectonic intensity in the fractured play.
map was constructed. An analysis of essential petroleum system elements indicates that the tectonics, location and generation potential of the source rocks and secondary porosities are the most important factors controlling the formation of economic accumulations in the fractured play. A data integration with exploration results using a fuzzy logic algorithm produced a geological favorability map (Fig. 5 ) that approximated the spatial density function of oil and gas accumulations. It appears that the structure intensity is one of the most important factors for fracture development and represents one of the essential geological elements integrated by using the fuzzy method for the geological favorability mapping. The method with respect to the fuzzy integration and its application to geological favorability mapping are reported by Chen et al (2002) .
Statistical model of fi eld size distribution
Past experience indicates that the aggregate properties of petroleum accumulations, such as the pool size, pool area, average net pay, and porosity may follow a lognormal distribution. The lognormal model has been used widely in conventional resource assessment (Arps and Robert, 1958; Kaufman et al, 1975; Lee and Wang, 1985; Baker et al, 1984; Davis and Chang, 1989; Chen et al, 1994) . Data analysis of the two major reservoir volumetric variables indicates approximation of lognormal distribution (Fig. 6) . The sizes of discovered oil and gas pools in the Tertiary fractured play in the western Qaidam Basin fi t well with a lognormal distribution (Fig. 7) . However, analysis of the discovery sequence found that the sizes of the discovered oil and gas pools had an impact on the order of discovery, thus the estimated lognormal parameters were biased and could not represent the underlying parent population in the play. In this case a multivariate discovery process model, developed by Lee et al (1999) was used to estimate the parameters for the underlying parent lognormal model.
Inter-object relationships
Petroleum accumulations are individual objects with welldefined boundaries that often exhibit some spatial features in an area (Barton and Scholz, 1995; La Pointe, 1995; Chen et al, 2001; . Studies elsewhere show that petroleum accumulations may not occur in a random fashion, but in some spatial clustering pattern (Harbaugh et al, 1995) . For example, a field could be a natural aggregate of several pools with separate water/oil contacts and different pressure regimes, occurring in a geographic area with restricted areal extent. There may be several trends (plays) in a basin and several petroleum-bearing basins in a continent. Fig. 7 is a variogram showing the spatial correlation among the discoveries. It appears that pools are correlated when they are less than 5 km apart. The low value in the variogram between 10-20km may indicate the clustering at field level. It appears that a correlation exists between discovered fi elds when the distances are less than 25 km. At distance over 25 km, the occurrence of petroleum accumulations appears to be random. In reality, discovered oil and gas fields in the Qaidam Basin are located in four parallel fold zones. The multi-mode distribution of the inter-field distances may Pet.Sci.(2008)5:195-202 
Data analysis and results
Spatial distribution density function
The object-based simulation requires a spatial probability density map to allocate the undiscovered accumulations. We know that a pool exists only if all the prerequisite geological conditions for the formation of a petroleum accumulation are present at a specific location. This general knowledge can, in principle, eliminate all locations where the necessary conditions are not met. Unfortunately, available information is often insufficient and it only allows the construction of perception maps, such as geological favorability maps that refl ect the interpretation of available data (Chen et al, 2000; . The geological favorability map is thus used to approximate the density map. This type of map is only indicative and its quality relies on the quality and quantity of information available as well as the method with which the indicate a clustering feature of petroleum accumulations. The distribution of calculated distances of all pools in the play, showing a mode at about 20 km, also supports this inference. The average distance between two adjacent fold zones is about 15 km. A stepwise function was fi tted to the experimental variogram for characterizing pool clustering at pool, field and play levels and for the inferences of parameters b i . The inferred parameter b i is shown in Fig.  7 . The repulsive factor 1 , describes the inter-dependencies among fi elds in each fi eld cluster. The larger the 1 is, the less the restriction would be on accepting a minimum distance of fi elds less than the defi ned distance b 1 . When 1 is 0, there is no accepted combination with two fields having a distance greater than b 1 . If 1 is set at 1, it means that the predefi ned b 1 will have no impact on the simulation. The attraction factor 2 , is a parameter for inter-dependencies among fi eld clusters. By setting b 2 to 0, it means that no fi eld combination should be beyond a maximum fi eld distance of b 4 . In contrast, if 2 is set to 1, b 4 , b 5 and b 6 will not be effective. From the statistical/geostatistical study of the data, we found that both the inter-dependencies among the fields and the field clusters are weak. Therefore, 1 and 2 are set at 0.80 and 0.90 respectively. Fig. 8 is the probability map derived from hundreds of thousands of equally probable combinations of petroleum accumulations, representing the uncertainty inherited from the data as well as our understanding of the spatial characteristics of petroleum accumulations in this play. The higher the probability value of a petroleum occurrence is, the lower the geological risk for exploration will be. This map defi nes the chance of petroleum occurrence for the entire play. If a target exists at a specifi c location and the average probability value over the target occupancy area represents the probability of geological success, should a subsequent drilling occur. This provides a consistent basis for prospect ranking and can be used to risk the volumetric calculation in prospect evaluation. Examples of the use of this type of probability map for prospect ranking and exploration planning are illustrated by Chen and Osadetz (2006a and 2006b) and Hu et al (2007) .
The results of the simulation represent also a refi nement to our general understanding with respect to the possible locations of undiscovered petroleum accumulations indicated by the geological favorability map. Compared with the geological favorability map (Fig. 9) , the size of the most favorable areas (favorability level ranging from 0.8 to 1.0) shrinks from 17% (in Fig. 8) to 10% of the simulated probability map (Fig. 9) . The best 10% of the area on Fig.  9 contains 18 discoveries; whereas on Fig. 8 , the most favorable 17% of the area contains only 16 discoveries. By simulation, the model downgrades the areas previously thought most favorable, which are less consistent with other available information, and put these in less favorable categories. Simulated results show that some discoveries are not always located in the areas of the highest predicted probability. This is because target ranking is usually based on a combined consideration of exploration risk and potential rewards. Exploration drilling success rate should be greater in higher probability areas, but not necessarily greater with respect to commercial success. The fact that, in many cases, numerous small prospects remain untested in the areas with high probability suggests that previous exploration has been focused on prospects with moderate risk, but high economic rewards.
Conclusions
The object-based stochastic simulation has the capacity of integrating all available geoscience information and considering spatial correlation, and is a potential tool for geological risk evaluation. The associated uncertainty in predicated pool location represents the geological risk of petroleum occurrence and defines the chance of geological success for the entire study area, providing a consistent basis for prospect ranking. Because this object-based model simultaneously checks the consistencies among models and integrated information, while incorporating spatial correlation, it can update the risk evaluation results from other methods. The object-based stochastic model produces a map indicating the likely locations of petroleum accumulations, which reflects our understanding of the spatial occurrences of petroleum accumulations and is consistent with available information. It provides useful information for strategic decision-making or exploration drilling planning, and sets a consistent basis for prospect ranking in any region of interest.
Compared with pure statistical models (Pan, 1997; Kaufman and Lee, 1992) , the results of risk evaluation by this object-based model are better constrained by our general understanding of petroleum geology. The simulated spatial pattern of petroleum occurrences is, in general, more consistent with the geological favorability map. The dependency on the geological favorability map indicates that the reliability of the output is sensitive to the quality of the input favorability map. This could be a drawback, if the quality of geological favorability is not reliable. Fig. 8 A probability map of hydrocarbon occurrence derived from the object-based modeling for the fractured play. The geological risk is defi ned as the chance of petroleum occurrence and as function of space. The higher the probability value of petroleum occurrence is, the lower the geological risk implies. This map provides a consistent basis for prospect ranking and can be used to risk the volumetric calculation in prospect evaluation Fig. 9 A geological favorability map of hydrocarbon occurrence derived from a fuzzy method by integrating all essential geological elements for hydrocarbon accumulation in a petroleum system. This map is used as a spatial density function for allocating the undiscovered pools in the objectbased modeling (Hypothesis A)
